Our understanding of the complex interconnected processes performed by microbial communities is hindered by our inability to culture the vast majority of microorganisms. Metagenomics provides a way to bypass this cultivation bottleneck and recent advances in this field now allow us to recover a growing number of genomes representing previously uncultured populations from increasingly complex environments. In this study, a temporal genome-centric metagenomic analysis was performed of lab-scale anaerobic digesters that host complex microbial communities fulfilling a series of interlinked metabolic processes to enable the conversion of cellulose to methane. In total, 101 population genomes that were moderate to near-complete were recovered based primarily on differential coverage binning. These populations span 19 phyla, represent mostly novel species and expand the genomic coverage of several rare phyla. Classification into functional guilds based on their metabolic potential revealed metabolic networks with a high level of functional redundancy as well as niche specialization, and allowed us to identify potential roles such as hydrolytic specialists for several rare, uncultured populations. Genome-centric analyses of complex microbial communities across diverse environments provide the key to understanding the phylogenetic and metabolic diversity of these interactive communities.
Introduction
Microorganisms are ubiquitous in the environment and play key roles in global biogeochemical cycles. As the majority of microbial life has eluded cultivation in the laboratory, cultureindependent techniques have been developed to study their diversity and functions (Tringe and Rubin, 2005; Albertsen et al., 2013; Vanwonterghem et al., 2014a) . Metagenomics, the sequencing of bulk DNA extracted directly from environmental samples, provides direct access to the This article is protected by copyright. All rights reserved.
6 observed between the metagenome-and amplicon-based community profiles. Interestingly, a Cellulomonas population was detected at 3-7% relative abundance in the metagenomes, while a primer mismatch for the forward primer (926F) used in the amplicon sequencing approach (Fig. S2) failed to detect this population (Fig. S1 ). On the contrary, the abundance of methanogens was overestimated in the amplicon dataset compared to the metagenome dataset, which is likely due to PCR primer and amplification biases. Amplicon-based studies using the 454 sequencing platform also suffer from lower taxonomic resolution compared to metagenomics and may underestimate the community diversity and dynamics. For example, two Fibrobacter populations were detected in the metagenome dataset, each dominant at a different time point, yet were grouped together as one phylotype in the amplicon dataset ( Fig. 1 and Fig. S1 ). A similar observation was made for the dominant Methanosaeta populations and influences our perception of the microbial community dynamics.
Population genome binning of the co-assembled metagenomes enabled the recovery of 93 bacterial and 8 archaeal population genomes with ≥50% completeness and ≤10% contamination (Table 1 and   Table S5 ). Of these genomes, 58 were substantially to near complete (≥80%) with low to medium contamination, according to the CheckM classification (Table 1) . The 101 genomes ranged in size between 1.4 and 6.3 Mb, across a GC content range between 29 and 74% (Table 1 and Table S5 ). They represent the majority of the community (62 ± 3% and 79 ± 4% at T1 and T2, respectively; based on percentage of reads mapping), with 58% representing relatively high abundance populations (>0.5% in at least one of the samples) and the remaining 42% representing low abundance populations (down to 0.09% maximum relative abundance in at least one of the samples) (Table 1 and Table S5 ). In addition to recovering genomes for all the abundant population identified in the 16S rRNA gene profiles (Fig. 1, Fig. 2 and Fig. S3 ), a large number of low abundance population genomes were recovered which highlights the strength of the binning approach used in this study. The populations were phylogenetically diverse and belong to 19 7 different phyla (Fig. 2) . Many of these genomes represent novel orders, families and/or genera, and they significantly expand the genomic representation of phyla with relatively few sequenced genomes such as Fibrobacteres (Rahman et al., 2015) , Verrucomicrobia, Planctomycetes and Candidate division WWE1 (Fig. 2) .
Classification into functional guilds based on metabolic potential
The metabolic potential of the microbial communities in these reactors was determined in order to classify individual populations into functional guilds fulfilling the different steps in anaerobic digestion (hydrolysis, fermentation, syntrophic oxidation and methanogenesis). Based on the potential substrate utilization for the dominant populations and their relative abundance, the flow of carbon from cellulose to methane in each community could be inferred, leading to the construction of a metabolic network.
Hydrolysis. Firstly, a gene-centric approach was applied to examine the hydrolytic capacity of the AD communities over time and relative to other environments. Glycoside hydrolase (GH) profiles were generated for each individually assembled metagenome by calculating the total number of enzymes within each GH family. Comparative analysis of these GH profiles showed no significant differences between reactors and time points (P<0.05). The AD metagenomes were enriched in genes belonging to GH5 (5.3 ± 0.4% of total GH) and GH9 (1.6 ± 0.6%), but also showed high levels of other GH families, including GH2 (4.2 ± 0.3%), GH3 (3 ± 0.4%), GH31 (2.3 ± 0.2%), GH43 (4.2 ± 0.7%), GH94 (2.0 ± 0.2%), GH78 (3.3 ± 0.3%), GH13 (4.9 ± 0.5%) and GH23 (3.1 ± 0.5%) (Table S6) . Enzymes belonging to these GH families are predominantly involved in the hydrolysis of cellulose, oligosaccharides, sugar side chains, amylose/maltose and peptidoglycan. A comparison was made between the GH profiles of the ADs and those reported for soil ecosystems (Tveit et al., 2013) , switchgrass compost, termite hindgut and rumen (Allgaier et al., 2010) (Table   S7 and Fig. S4 ). Principle component analysis showed distinct clustering of the cellulose-degrading 8 reactor samples together with the wood-feeding termite hindgut community (Allgaier et al., 2010) , which were all enriched for cellulases predominantly belonging to GH5, reflecting the cellulosic substrate. The soil environments clustered together despite differences in plant cover (moss versus vascular plants), while the rumen sample was most different and showed a high abundance of oligosaccharide degrading enzymes belonging to GH2, GH3 and GH51 (Table S7 and Fig. S4 ), which is likely driven by the dominant grass hemicellulose found in this environment.
Cellulose hydrolyzers were identified in the ADs by generating GH profiles for the individual population genomes and correlating known activities for GH families with gene annotations to determine the substrate profile (Fig. 3) . The potential to degrade cellulose was a common feature and present in 65% of the bacterial populations, including phyla commonly associated with cellulose hydrolysis such as Fibrobacteres (Fibro_01-03), , Bacteroidetes (Bact_02-03, Bact_08-11, Bact_13 and Bact_24), Spirochaetes (Spiro_07-10 and Spiro_12), and Actinobacteria (Actino_01-02) (Fig. 3, Fig. 4 and (Lynd et al., 2002; Bayer et al., 2008; Bekele et al., 2011; Suen et al., 2011; Naas et al., 2014) . A range of GH enzymes were also detected in the two Verrucomicrobia populations (Verruco_01-02) (Fig. 3) , and it has previously been speculated that certain populations within this phylogenetically heterogeneous group can make a substantial contribution to polysaccharide hydrolysis, even when present at low abundance (Martinez-Garcia et al., 2012) . Similar to prior studies, one of the Lentisphaerae genomes (Lenti_02) (Fig. 3 ) encoded a high abundance and variety of GH enzymes (Kaoutari et al., 2013) . However, only a very limited number of GH enzymes were detected in the second Lentisphaerae population (Lenti_01), indicating that polysaccharide hydrolysis is not a representative feature of the whole phylum. Although the genome completeness of Lenti_01 is lower than Lenti_02, it is unlikely that this large difference in GH abundance and diversity can be bridged by the missing fraction of the genome. The largest number of GH enzymes was observed for a Planctomycetes population (Planc_01) (Fig. 3) , which 9 expands our understanding of the metabolic role of Phycisphaerae since only a limited number of genomes within this class have been sequenced thus far, and this agrees with the recent finding of a broad range of GH enzymes within Planctomycetes genomes recovered from estuary sediment (Baker et al., 2015) . The discovery of hydrolytic potential within novel species highlights the importance of genome-centric approaches as these organisms play a crucial role in carbon cycling.
Microorganisms that could use cellobiose but not cellulose were identified in the reactors among Proteobacteria (Alpha_01, Beta_02, Delta_01 and Epsilon_01), Bacteroidetes (Bact_22-23), Spirochaetes (Spiro_02-03) and Synergistetes (Syner_01). By assigning functions to individual populations, discrepancies could be observed between cellobiose opportunists and cellulose degraders. In contrast to previous studies that reported a minimum ration of 2:1 for these functional groups (cellobiose:cellulose) (Berlemont and Martiny, 2013; Wrighton et al., 2014) , the number of cellobiose opportunists in the ADs was lower than cellulose degraders. When taking the relative abundance into account it could be shown that this ratio was dynamic and became more even over time (1:7 at T1, 1:3 at T2 of cellobiose:cellulose).
The GH profile for each genome was normalized by its relative abundance at each time point ( Fig.   S5 and Fig. S6 ) and this showed a clear shift in the abundant cellulose degraders over time, i.e.
from Bacteroidetes (Bact_02-03) and Ruminococcus (Firm_04-06) populations at T1 (Fig. 4 and Fig. S5 ), to Cellulomonas (Actino_01), Fibrobacter (Fibro_03) and Clostridiales (Firm_11) populations at T2 (Fig. 5 and Fig. S6 ). Several Spirochaetes (Spiro_07-10 and Spiro_12) and Verrucomicrobia (Verruco_01-02) were initially present at lower abundance (maximum 1.3%) but increased over time (maximum 6.1%). Most of the dominant cellulolytic populations possessed a plurality of genes with cellulase and cellobiosidase activity (Fig. 3) , and it has been hypothesized that higher GH diversity and copy number results in improved cellulose degrading ability (Berlemont and Martiny, 2013) .
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The presence of multiple high abundance cellulose degraders at the same time within a community may suggest there is a level of niche specialization. For example, a positive correlation in relative abundance was observed between Fibro_03 and Firm_11 (Table 1 and Fig. S7 ). These populations may utilize different strategies for attachment to cellulose particles since fibro-slime proteins (fsu) and pili (pil) were identified in Fibro_03, similar to Fibrobacter succinogenes (Suen et al., 2011) , while dockerin and cohesion modules were detected in Firm_11 suggesting the presence of an organized cellulosome apparatus similar to Clostridium thermocellum (Lynd et al., 2002; Bayer et al., 2008) . Their substrate specificity may also vary as multiple endoglucanases (GH5, GH8, GH9 and GH45) but only one cellobiose phosphorylase (GH94) for cellobiose utilization were found in Fibro_03, while only few endoglucanases within the GH5 family but multiple cellobiose phosphorylase (GH94) and beta-glucosidase genes (GH1 and GH3) were detected for Firm_11. In addition, these populations potentially use different oligosaccharide, cellobiose and glucose transport mechanisms, such as phosphotransferase systems (pts), non-specific sugar ABC transporters (e.g. msmK, malK, sugC, and gguAB) and specific cellobiose transporters (cebEFG) (Fig. S8 ). These differences in hydrolytic potential suggest that within the same environment and functional guild, niche specialization may allow seemingly functionally redundant populations to grow simultaneously and potentially work together.
Fermentation. The majority of the community showed a potential to convert glucose to acetate, with 73% of the bacterial population genomes encoding the acetate kinase (ack) and phosphate acetyltransferase (pta) genes required for acetate production (Fig. 4 and Fig. 5 ). An additional 16%
were missing only one of these genes. This indicates a high level of functional redundancy and confirms acetate as one of the most important intermediates in these types of systems (Amani et al., 2010 ).
Propionate production within these communities occurred via the methylmalonyl-CoA pathway by populations within the Actinobacteria (Actino_02), Bacteroidetes (Bact_02-03, Bact_09-11, Bact_13, Bact_19 and Bact_22-24), Rhodospirillum (Alpha_01) and Verrucomicrobia (Verruco_01-02), which contained the key enzymes methylmalonyl-CoA mutase, methylmalonylCoA epimerase and methylmalonyl-CoA carboxyltransferase. The higher propionate concentrations observed in the reactors at T1 (Table S2) were likely related to the high relative abundance of Bact_03 (10 ± 2%) and Actino_02 (4 ± 1%), a population closely related to Propionibacterium (Fig. 4) . The main propionate producers decreased in abundance over time and at T2 the dominant populations of this functional guild shifted to members of the Bacteroidetes (Bact_19 and Bact_22-24; 0-5%) and Verrucomicrobia (Verruco_01-02; 0-6%) (Fig. 5) . A full complement of genes for propionate production via the acrylate pathway or propanediol pathway was not detected in the investigated genomes.
Multiple potential butyrate producers were detected within the phylum Bacteroidetes (Bact_08-11, Bact_13, Bact_19 and Bact_22-24) (Fig. 4 and Fig. 5 ). These populations contained the key gene butyrate kinase (buk) as well as most or all of the remaining genes in the butyrate fermentation pathway. The alternative pathway using butyryl-CoA:acetate CoA-transferase (but) was not detected in the studied population genomes. Although butyrate production genes were expected to be found in the Clostridiales genomes based on what is known from cultured species and genome representatives (Vital et al., 2016) , a complete pathway for butyrate production was not detected in any of the Clostridiales genomes from this study. Potential for amino acid fermentation to acetate and butyrate was detected for Synergistetes (Syner_01 and Syner_03) and Treponema (Spiro_12) populations, which has been observed for species belonging to these phyla previously (Tucci and Martin, 2007; Ganesan et al., 2008; Chertkov et al., 2010) . These populations may be scavengers utilizing proteins that have been excreted or leaked from dead cells. Potential growth on proteinaceous compounds and sugars with predominantly acetate and lower amounts of butyrate as 12 fermentation products may also be possible for the Thermotogae populations (Thermo_01-02), similar to what has been suggested for Mesotoga prima (Nesbo et al., 2012) . Only three mesophilic Thermotogae genomes have been described so far, providing limited knowledge of their metabolism. The populations within the reactors seem phylogenetically more closely related to Mesotoga infera, however they lack the genes for utilization of sulfur as terminal electron acceptor, a key feature for this species (Hanaia et al., 2013) . Instead, they also contain a selection of polysaccharide degrading enzymes, which can be related back to the environment in which they are found.
Syntrophic VFA oxidation. Reduced compounds such as propionate and butyrate can be further oxidized to acetate, CO 2 , H 2 and formate by syntrophic bacteria when H 2 partial pressures are low.
Two Syntrophobacterales genomes (Delta_01 and Delta_02; 47% amino acid identity (AAI)) contained the majority of genes for the methylmalonyl-CoA pathway, indicating a potential involvement in propionate oxidation. Other members of this family are capable of syntrophic propionate oxidation, i.e. Syntrophobacter fumaroxidans (Harmsen et al., 1998 ) (64% AAI to Delta_01), and syntrophic oxidation of phenol and other aromatics to acetate, i.e. Syntrophorhabdus aromaticivora (Qiu et al., 2008 ) (63% AAI to Delta_02). Delta_01 and Delta_02 were present at <0.2% relative abundance at T1 and increased over time to 0.3-0.9% at T2 (Fig. 5 ). Although these relative abundances are still low, syntrophic propionate oxidizers are capable of high substrate turnover and this likely contributed to the low observed propionate concentrations at T2. It has been suggested that Candidatus 'Cloacamonas Acidaminovorans' is a hydrogen-producing syntroph capable of oxidizing propionate based on its genome sequence combined with cultivation experiments (Pelletier et al., 2008) . Although the WWE1 genome recovered from the reactors appears to have similar genes required for the utilization of amino acids, sugars and carboxylic acids, as well as multiple putative Fe-only hydrogenases, the energy-conservation mechanism required for syntrophic VFA oxidation remains to be elucidated.
Butyrate oxidation was likely performed via the beta-oxidation pathway by another
Syntrophobacterales population (Delta_03), which is most closely related to Syntrophus aciditrophicus (60% AAI) (Mclnerney et al., 2007) . The Delta_03 genome had a large number of genes invested in butyrate oxidation and increased in abundance over time from <0.001% at T1 to ~1.4% at T2 (Fig. 5) . The Delta_01 and Delta_02 genomes only encode part of the beta-oxidation pathway, i.e. from butyryl-CoA or crotonyl-CoA to acetate, suggesting intermediates from other oxidation pathways may feed into the butyrate oxidation pathway at this step.
Methanogenesis. Methane producing populations within these communities were related to
and Methanosaeta (Methan_01-02 and Methan_04) ( and Methan_04), which showed little to no contamination and are reported to be strictly acetoclastic. Various hypotheses have been developed to explain the potential role of this pathway (Smith and Ingram-Smith, 2007; Rotaru et al., 2014) but functional assays are needed to determine whether this pathway is active in these systems.
While methanogen abundance increased over time, the increase in methane production was disproportional, and this was likely due to a shift in the rate-limiting step. The observed accumulation of VFAs at T1 indicates syntrophic VFA oxidation and/or methanogenesis was ratelimiting within the community at this time point. As all VFAs were efficiently converted to biogas 14 at T2, steps upstream in the metabolic network were more likely rate-limiting. When substrate concentrations are low, methanogens can use internal storage compounds (e.g. glycogen) for growth without methane production (Verhees et al., 2003) . Also, enzymes for assimilatory and dissimilatory sulfate reduction were encoded within several populations present at higher abundance at T2 (Delta_01, Chlorobi_01 and Alpha_01-03), indicating potential competition with methanogens for H 2 and/or acetate (Oremland and Polcin, 1982) .
Discussion
The widespread application of metagenomics sequencing has led to the discovery of novel species and metabolic processes of global importance (Haroon et al., 2013; Wrighton et al., 2014; Baker et al., 2015) . Improved metagenome assembly and binning tools (Imelfort et al., 2014) now allow a growing number of population genomes to be recovered from increasingly complex environments (Albertsen et al., 2013; Baker et al., 2015; Brown et al., 2015) . Here, a detailed genome-centric analysis of microbial communities involved in the conversion of cellulose to methane led to the recovery of 101 population genomes that could be classified into functional guilds based on their potential substrate utilization. Through the recovery of population genomes for the majority of the community, we were able to combine the metabolic potential of individual populations with their relative abundance, and reconstruct a metabolic network for the dominant players in the communities at two time points (T1: Fig. 4 and T2: Fig. 5 ). The networks revealed a high level of functional redundancy, particularly among the hydrolyzers and fermenters, as changes in the dominant players were observed over time while the overall functionality was maintained. Potential niche specialization was also observed based on the variety and abundance of GH families. Various microbial interactions could be inferred including competition for substrates and cellobiose-or glucose-utilizing opportunists that depend on the activity of primary cellulose degraders. Metabolic functions that could not have been predicted from known cultured or sequenced representatives 15 were also identified within each functional guild. By correlating the metabolic network with performance parameters, observations such as the accumulation of propionate could be explained.
The genome-resolved network also enabled the proportion of the community represented by each functional guild to be calculated, and this highlighted the importance of a diverse and well-balanced community with functional flexibility to fulfill a complex multi-step process such as the anaerobic digestion.
The results presented here demonstrate the valuable insights that can be gained into complex metabolic networks through genome-centric metagenomics. The approach described in this study can be readily applied to other natural and engineered systems, which will undoubtedly reveal novel microbial diversity and metabolic interactions. When genome-centric metagenomics is combined with functional data derived from metatranscriptomics or -proteomics, we will be able to develop a holistic understanding of the complex roles microorganisms play in these environments.
Experimental procedures

Sample collection and DNA extraction
Triplicate ADs (2L working volume) were seeded with a diverse inoculum consisting of a samples taken various anaerobic digesters, an anaerobic lagoon, rumen fluid and anoxic lake sediment (Vanwonterghem et al., 2014b) , and supplied with alpha cellulose (Sigma Aldrich, NSW Australia) as the sole energy and carbon source. The reactors were designated AD1, AD2 and AD3, and were run for 362 days at a 10 day sludge retention time (SRT), under mesophilic conditions and at neutral pH. The medium contained 3 g L -1 Na 2 HPO 4 , 1 g L -1 NH 4 Cl, 0.5 g L -1 NaCl, 0.2465 g L i.e. at intervals of six hours resulting in 4 feed events per day. Reactor performance parameters and microbial community composition were monitored over time as part of a previous study (Vanwonterghem et al., 2014b) . Samples for metagenomic sequencing were collected from the three reactors (2 mL) at two time points (Day 96 and Day 362) based on differences in reactor performance (Table S2 ). The samples were centrifuged at 14,000 g for 2 min to collect the biomass, and the pellet was snap-frozen in liquid nitrogen and stored at -80°C until further processing. DNA was extracted from these samples using the MP-Bio FastDNA Spin Kit for Soil (MP Biomedicals, Australia) and according to the manufacturer's instructions.
Metagenome library preparation and sequencing
DNA libraries for samples from the first time point were prepared using the TruSeq DNA Sample Preparation Kits v2 (Illumina, CA) with 2 µg of DNA from each sample, following the manufacturer's instructions. The DNA concentration of the libraries was measured using the QuanIT kit (Molecular Probes, CA). Paired-end sequencing (2 x 150 bp, average fragment size 250 bp) was performed on the Illumina HiSeq2000 using the TruSeq PE Cluster Kit v3-cBot-HS (Illumina). The second set of samples were prepared for sequencing using the Nextera DNA Sample Preparation Kit (Illumina) with 50 ng of DNA from each sample, following the manufacturer's instructions. Quantification and quality assessment of the libraries was performed using the Agilent 2100 Bioanalyser (Agilent technologies, CA). Paired-end sequencing (2 x 150 bp, ranging from 300-800 bp fragment size) was performed on the Illumina HiSeq2000 platform using 
Metagenome assembly and population genome binning
Paired-end reads were quality trimmed using CLC workbench v.6 (CLC Bio, Taiwan) with a quality score threshold of 0.01 and minimum read length of 100 bp. Illumina sequencing adapters at the ends of reads were trimmed (if found) and reads containing ambiguous nucleotides were removed from the dataset. Trimmed sequences were assembled using the CLC de novo assembly algorithm with a kmer size of 63 and automatic bubble size. All six datasets were assembled individually and also combined in a single large dataset co-assembly for population genome binning. Only contigs larger than 500 bp were used in downstream analyses. The raw paired-end 18 reads from each individual dataset were mapped onto the combined assembly using BWA (Li, 2013) and SAMtools (Li et al., 2009 ) with default parameters. On average 87 ± 4% of all reads mapped onto the co-assembly. Population genomes were recovered from the sequence data based primarily on differential coverage profiles using GroopM v.0.2 (Imelfort et al., 2014) , with initial core formation set at 1500 bp.
Population genome bin refinement and quality assessment
The completeness and level of contamination of the population genome bins was calculated with CheckM v.0.9.4 , which uses lineage specific conserved marker gene sets for each population genome. Manual refinement of the population genome bins was performed using the GroopM refine function based on coverage profiles, kmer signatures and GC content, leading to a significant increase in good quality population genomes (Table S8 ). The resulting population genome bins were further refined using the mate-pair sequence data. Adapter sequences were removed, trimmed reads shorter than 50 bp were discarded, and only valid mate pairs, i.e. reads oriented in the reverse-forward direction, were retained. Scaffolding of the processed mate-pair reads was performed using SSPACE v.2.0 (Boetzer et al., 2011) with a minimum number of links set at 2. The population genome bins were improved by adding or removing linked contigs based on coverage information, the number of connections between contigs and completeness/contamination estimates (Table S8 ). The completeness estimates were also used to calculate the expected genome size. The data has been submitted to the NCBI Short Read Archive under BioProject PRJNA284316.
Genome tree phylogeny
A genome tree was generated using 38 universal (Darling et al., 2014) conserved marker genes from 2015 finished bacterial and archaeal genomes available from the Integrated Microbial Genomes database (IMG) (Markowitz et al., 2012) and the recovered population genomes (Table S9 ). Marker genes were identified using HMMs and the genome tree was generated with FastTree (Price et al., 2009 ) using a concatenated alignment of the marker genes. The phylogenetic affiliation of the population genomes was determined relative to the IMG genomes and compared to the taxonomy of 16S rRNA sequences identified in the genome bins using CommunityM v.1.2 with default parameters and the GreenGenes database clustered at 97% sequence similarity (https://github.com/dparks1134/CommunityM.git).
Functional annotation of the metagenomes
For each individually assembled metagenome, open reading frames (ORFs) were identified using PROKKA v.1.8 (Seemann, 2014 
Functional annotation of the population genomes and metabolic network reconstruction
Population genomes recovered from the combined metagenome assembly were annotated using PROKKA v.1.8 and validated based on homology search with BLASTP (Altschul et al., 1990) using the IMG protein database (Markowitz et al., 2012) and KEGG Orthology database (Kanehisa and Goto, 2000; Kanehisa et al., 2014) . Carbohydrate active enzymes were detected for each population genome using hmmer and dbCAN, similar to the individual metagenomes. These results were combined with known activities of GH families (http://www.cazy.org;
https://www.cazypedia.org) (Allgaier et al., 2010) and the annotations based PROKKA and IMG databases, in order to determine the predominant substrate profile for each GH family. A full reconstruction of the metabolic potential for each population genomes was based on the consensus
of the different annotation methods used and metabolic pathways identified in KEGG and MetaCyc
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( Caspi et al., 2008) . A metabolic pathway comprising multiple genes was considered present if the majority (>75%) of genes involved in this pathway were detected in the genome. The populations could be classified into one or more functional guilds, namely hydrolysis (cellulose/cellobiose), fermentation (acetate/propionate/butyrate), syntrophic VFA oxidation and methanogenesis (hydrogenotrophic/acetoclastic), based primarily on their carbon metabolism. In order to reconstruct the metabolic networks at each time point (Fig. 4 and Fig. 5 ), only those populations present at > 0.1% relative abundance in at least one of the reactor were considered, and their average relative abundance across the reactors at each time point was calculated to determine the contribution of each population to the flow of carbon (represented by the thickness of the lines in Fig. 4 and Fig. 5 ).
The combined (average) relative abundance of all populations within a functional guild was calculated to assess the overall distribution of functions across the community and how this balance shifts over time.
Statistical analyses
All statistical analyses and construction of heatmaps were carried out in RStudio v.2.15.0 using the R CRAN packages: vegan (Oksanen et al., 2013) and RColorBrewer (Neuwirth, 2011 DeSantis, T.Z., Hugenholtz, P., Larsen, N., Rojas, M., Brodie, E.L., Keller, K. et al. (2006) Greengenes, a chimera-checkes 16S rRNA gene database and workbench compatible with ARB. Ganesan, A., Chaussonnerie, S., Tarrade, A., Dauga, C., Boucher, T., Pelletier, E. et al. (2008) Cloacibacillus evryensis gen. nov., sp. nov., a novel asaccharolytic, mesophilic, amino-aciddegrading bacterium within the phylum 'Synergistetes', isolated from an anaerobic sludge digester. This article is protected by copyright. All rights reserved.
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